Abstract: This paper introduces a surrogate model to reduce the huge computational load in 8 the process of simulation-optimization and uncertainty analysis. First, the groundwater 9 numerical simulation model was established, calibrated and verified in the northeast of Hetao 10
Introduction 29
Simulation-optimization approach can solve the groundwater optimization 30 problem, by which the optimal decision-making scheme should be obtained by 31 optimizing the decision-making input scheme under the given objectives and 32 constraints [1] [2] [3] . Uncertainty analysis can assess the reliability of groundwater 33 exploitation scheme due to uncertainty of hydrogeological parameter values [4] [5] .
34
However, the simulation model is invoked repeatedly in the process of simulation-35 optimization and uncertainty analysis, which will produce a huge computational load.
36
Therefore, it is of great significance to reduce the computational load so as to identify 37 an optimal groundwater exploitation scheme and assess the reliability of groundwater 38 exploitation scheme quickly and accurately.
39
In recent years, some scholars have proposed a surrogate model of simulation 40 model, which was used to solve optimization issue of groundwater exploitation scheme 41 and identification of groundwater pollution sources [6] [7] [8] . The results show that it can not small-scale, nonlinear and high dimensional [16] [17] owing to its strict theory and 95 mathematics foundation.
96
In this study, support vector regression (SVR) method was used to establish the 97 surrogate model of groundwater flow numerical simulation model. The basic principle 98 of SVR is described as follow:
99
Give k sample data, analysis is conducted simultaneously [18] [19] . That is:
Where  is the weight value vector of hyperplane, b is the bias term.
105
Therefore, the approximation problem of regression function   fx is equivalent 106 to the following function: 
The empirical risk function was:
The method of obtaining loss function was equivalent to solve the following 117 optimization problem:
Where C is the weighting parameter used for balancing complex term and training 
Where n is the number of support vectors, ,
ii   are the Lagrange multipliers.
127
For the support vector regression of nonlinear problem, the basic idea is making 128 data mapped to a high dimensional feature space via a nonlinear mapping, and linear 129 regression is conducted in this space. The specific process was realized through kernel
and obtained the follow formula:
Then, find out the optimal solution of above optimization problem, regression 133 estimation function of nonlinear problem could be expressed as follow:
135
Frequently used kernel functions mainly include: 
Fig.2 Lateral boundary types and parameter partitions of study area 151
The groundwater flow system of the simulation area can be generalized as non-152 homogeneous, isotropic, and two-dimensional unsteady flow system, which can be 153 shown as follows [22] [23] : The parameters partitions of the study area is shown in Fig.2 finite difference method [24] [25] [26] . of the problem which is a occurrence probability of random event [27] [28] . The steps of
H x y t H x y t k H x y t Z k H x y t Z x x y y H x y t W x y D t t H x y t H x y x y D t H x y t H x y t x y t H k H Z q x y t x y t n
                                 (10
178
Monte Carlo simulation are as follows [29] [30] . Table 1 
Optimization Model

213
In the study area, five pumping wells were set and also used as observation wells 
where Q is the total pumping rate ( Finally, in order to solve the optimization model, the SMA was loaded into the 251 genetic algorithm and linked with the pumping rate. The optimal groundwater 252 exploitation scheme through invoking the SMA is in the Table 3. 253 Table 3 The optimal exploitation scheme 254 
Pumping well
Uncertainty Analysis
261
The major influence factors that affect the simulation-optimization results include the uncertainty of simulation model parameters and accuracy of surrogate model.
However, this paper only considered the uncertainty of hydrogeological parameters
264
(Hydraulic conductivity and specific yield) for assessing the reliability of optimal 265 groundwater exploitation scheme because the surrogate model has a very high accuracy.
266
In general, the monte carlo simulation method is used for uncertainty analysis.
267
However, the simulation model is invoked repeatedly in the process of uncertainty 268 analysis (Monte carlo simulation), which will produce a huge computational load. Thus, 269 a surrogate model of simulation model is introduced to reduce the huge computational 270 load [32] [33] .
271
The reasonable regions and probability distribution types of hydrogeological 272 parameters had to be known before establishing the surrogate model of simulation 273 model. According to the actual conditions of study area and past experience, the 274 reasonable regions and probability distribution types of hydrogeological parameters [34] 275 in this study are shown in Table 4 .
276 Table 4 Reasonable regions and probability distribution types of hydrogeological 277 parameters 278
Hydrogeological parameters Reasonable region Probability distribution type
Hydraulic conductivity [70% of the mean,
130% of the mean]
Normal distribution
Specific yield Uniform distribution
In order to establish the surrogate model of simulation model, the optimal 279 exploitation scheme was considered deterministic variable, and the LHS method was 280 used to obtain 30 and 10 groups of hydrogeological parameters which were also 281 introduced into the numerical simulation model of the groundwater flow to obtain 282 groundwater table drawdown datasets respectively. The former samples were used as 283 training samples and the latter were used as validation samples.
284
The training samples were used to establish the SVR surrogate model (SMB) and and Table 5 , respectively. Table 6 The fitting result between the simulation model and SMB 290 From Fig.6 and Table 5 , all validation samples are close to the 1:1 line, the relative 292 error of each scheme is less than 5%, and the root mean square error of each scheme is 293 also less than 5%. The above description demonstrates that the SMB could substitute 294 the groundwater flow numerical simulation model effectively.
295
Finally, the LHS method was used to to obtain 10000 groups of hydrogeological 296 parameters which were also introduced into the SMB to obtain groundwater 
